In this paper we review the current state of automated MEMS synthesis with a focus on generative methods. We use the design of a MEMS resonator as a case study and explore the role that geometric constraints and human interaction play in a computer-aided MEMS design system based on genetic algorithms.
INTRODUCTION
Microelectrical Mechanical Systems (MEMS) is an emerging field of research with application in a wide variety of areas, such as Radio Frequency (RF) communications, optical networking, and environmental monitoring. Thus far much of current conceptual MEMS design is based on engineering experience and 'back of the envelope' calculations. Computeraided design tools for MEMS synthesis are still at the initial stages of development.
There are a number of new commercial packages that provide tools for simulating MEMS devices and performing synthesis at the mask layout level for a specific device structure. For example, Cadence is an integrated circuit CAD package that also provides MEMS layout synthesis tools [1] . MEMSCAP provides tools for domain-specific behavioral models and finite element simulations along with translation tools to mask layouts and processing steps [2] . These software packages are closed proprietary commercial platforms that contain only a very limited set of basic MEMS building blocks and are not really MEMS synthesis tools in that the basic structural design must be determined in order to use them.
MEMS designers currently rely on these commercial tools and finite element analysis (FEA) tools to perform the final verification of designs before fabrication, but not for the early stages of conceptual design. Due to the high computational cost for each iteration, they are also impractical for the highly iterative computational techniques of generative conceptual design or parametric optimal design of complex structures. An alternative approach is to use reduced-order modeling, such as nodal analysis, to simulate complex structures quickly with sufficient accuracy for many preliminary design applications. Researchers at the University of California at Berkeley have created a MEMS simulation software package using this approach. Known as SUGAR [3] , this MEMS simulator takes its name from the nodal analysis tool for integrated circuit design, SPICE. Beams, electrostatic gaps, circuit elements and other basic elements are modeled by small, coupled systems of differential equations. SUGAR is able to quickly perform several types of simulations for a given MEMS design, including static, modal, and steady state analyses. NODAS (Nodal Design of Actuators and Sensors) is a similar simulator, which is licensed through Carnegie Mellon University. These reduced-ordering modeling tools allow a designer to perform many more simulations early in the design process than they would otherwise be possible with a more computationally intensive tool like FEA. In the next section we review the current state of automated MEMS synthesis tools with a focus on generative methods.
STATE OF MEMS SYNTHESIS
Although still in its infancy, several groups have taken a range of innovative approaches to the automated synthesis of MEMS devices.
Following the development pattern of integrated circuit CAD tools, all this work has focused on 2-D designs and fabrication mask layouts.
Agarwal, Cagan and Stiny developed a shape grammar for generating a MEMS electrostatic resonating mass [4] . This work proposed an architecture to create resonator configurations, but was not mated with MEMS simulation for design optimization. Campbell performed some preliminary work combining shape grammars with nodal simulation using the SABER and SPECTRE software [5] and compared the synthesized results against the Analog Devices' ADXL type resonator. Zhou, et al. demonstrated MEMS component synthesis using a multi-objective genetic algorithm (MOGA) first on a simple chain of beams for two objectives [6] and then for a simple MEMS device, a 'meandering spring resonator' for three objectives [7] . This work used SUGAR as the simulator to calculate the performance variables that made up the design's multiobjective fitness goals. Zhou also compared MOGA performance against human performance for an electrostatic actuator optimization example with device area minimization, a key feature in MEMS design [8] . MOGA was able to generate a design that was significantly smaller than most of the human designs and approximately 5% smaller than the best human design.
Simulated Annealing (SA) was compared to the single objective genetic algorithm (SOGA) for the same resonator example and against the MOGA for the electrostatic actuator example with mixed results [9] . SA performed well against the single objective SOGA implementation, but was difficult to implement for the multiobjective case as compared to the MOGA. This work also marked the first attempt at comparing different levels of geometrical constraints (e.g. symmetry vs. asymmetry, Manhattan beam angles vs. unconstrained beam angles).
The authors are currently extending the MOGA developed by Zhou et al. to more advanced MEMS synthesis problems, including resonator designs with comb actuators with up to four objectives, including area minimization. We have recently successfully fabricated resonator designs evolved using this software in the MUMPS foundry (Fig 1) and initial results of the characterization of these fabricated structures indicate good accuracy of SUGAR as well as the viability of our synthesis approach for MEMS design. We have also explored the use of interactive evolutionary computation (IEC) [10] to improve the quality and avoid potential design flaws in the synthesized population [11] . Shea and Vale are currently applying their machine learning-based algorithm for multi-objective design synthesis to Zhou's meandering spring resonator example [12] . Their initial work, also using SUGAR, has shown that they are able to achieve comparable results as MOGA with fewer simulations.
Other notable research in using evolutionary approaches in the MEMS field includes the work of Li [13] and Ma [14] . This work differs in that the focus is on mask layout, fabrication and parametric modeling -but not design synthesis. At a higher level, Fan has worked on using system-level synthesis of RF band pass filters made up of MEMS components using genetic programming techniques on bond graphs [15] . This work called upon pre-existing parameterized models of MEMS resonators and used genetic programming to design their connectivity and sizing.
Numerical parameter optimization has been used to optimize the geometry of a given MEMS configuration, notably Muhkerjee's work [16] . This work differs from the synthesis research in that it assumes a given device layout and uses numerical optimization to select the proper dimensions for the desired performance. They have also applied similar techniques on a system level to develop band pass filters [17] .
ROLE OF GEOMETRIC CONSTRAINTS IN THE MEMS RESONATOR SYNTHESIS CASE STUDY
To date our resonator synthesis examples have consisted of a fixed center mass (either with or without electrostatic comb drives) connected to four 'legs', each made up of multiple beam segments called "meandering springs" (Fig 2) . We have run our MOGA synthesis program for several sets of performance objectives, all calculated using the SUGAR simulation program. As we are designing resonators, the most significant performance objective for all structures is the in-plane resonant frequency, which is a function of the center mass and its legs as well as the stiffness of the legs. Other performance objectives we have used for synthesis include the stiffness of the structure in the X or Y-direction as well as the device area (defined as a bounding rectangle around the comb drives and resonator legs). The use of a fast, efficient MEMS simulation program such as SUGAR allows resonator designers to break limitations that were previously imposed upon them. When using FEA to calculate performance measures, such as resonant frequency or suspension stiffness, MEMS designers typically had to simplify their designs a great deal to keep the problems tractable, therefore applying artificial limitations to their designs. These FEA calculations could take hours per simulation, making them infeasible for iterative design processes on complex systems. SUGAR and other similar lumped parameter nodal analysis simulation tools can perform these functional calculations with reasonable accuracy at a fraction of the time and can therefore free the MEMS designer to explore larger design spaces.
It is a common misconception amongst non-MEMS designers that designs with Manhattan (or 90 degree) corners are better from a manufacturability point of view then irregular intersections, as can be the case in the macro world. For example, milling a piece of steel with non-orthogonal sides can be time consuming and expensive. It is much more expensive to create a corner at 91 degrees instead of 90. But in the case of MEMS, fabricated through a lithography process that is similar in many ways to developing a photograph, any intersection between straight-line segments is equally easy to fabricate. The content of the photo has no impact on the difficulty or cost to develop it. Any structure that can be described by MEMS industry standard CAD formats such as GDS or CIF can be transferred into a lithography mask and fabricated. The only limitations are on the resolution of the lithography, impacting the minimum size of features that can be fabricated.
When faced with multiple competing objectives, there is no reason to believe that the optimal configuration for a given resonator specification must have symmetric legs or Manhattan angles. Consider the spider as a biological analog to a resonator in its ability to detect prey by recognizing or "resonating" with their vibrations. Spiders receive vibrations through their webs, the ground or plants and a few semi-aquatic spiders even receive vibrations through the water surface [18, 19] . Like our MEMS resonator they have a large central mass and the same number of legs on each side (eight instead of our four, however). They have evolved to have some degree of symmetry around the longitudinal axis, but none around the horizontal axis. Spiders have a wide range of leg shapes and angles, but none are limited to Manhattan geometries.
In order to further explore the design space of GA (genetic algorithms)-based MEMS synthesis and the role of geometric constraints we conducted a study using a variant of Zhou's original resonator synthesis example as a case study. Zhou's implementation had the following geometric constraints: sizing limits (maximum and minimum length and width on the beam segments that make up each leg) and maximum and minimum angle limits for each element (each element must radiate away from the center mass). See Table 1 for parameter values on the constraints. Simple beam-crossing detection constraints were also imposed to avoid synthesizing physically meaningless designs consisting of beams crossing other beams, etc [7] . For convex optimization problems, constraints only serve to limit the design space and, if applied artificially, could produce suboptimal designs. One might argue that this is also the case for non-convex spaces if the optimization algorithm has the ability to jump out of local minima and has no computational time limits. The reality with stochastic optimization techniques, such as simulated annealing or GA, is that the time required to search the entire design space can be astronomical and careful restrictions of the space can lead to better results when there is a limitation on the number of iterations. Thus it is possible that a specific design problem, such as our resonator example, could benefit from the reduction of variables and the reduced design space formed when Manhattan angle constraints or symmetry is enforced.
On the other hand, these restrictions could severely limit the exploration of more compact design concepts that could exploit a broader range of angles.
Forcing leg symmetry has benefits as well as drawbacks. Devices with asymmetric legs may not travel in orthogonal directions when displaced making them incompatible with comb drives and causing potential short-circuits between the inter-digitated fingers. But as with the angle constraint, it's possible that optimal configurations may be excluded by forcing symmetry. A symmetry requirement could limit concepts that try to take advantage of other asymmetric aspects of the problems, such as asymmetric X and Y suspension stiffness goals. A solution consisting of two short, stiff legs and two longer more flexible legs may have the goal resonant frequency or stiffness but occupy a smaller area then an equivalent design with all four legs symmetric.
One obvious benefit of these and other constraints is that they limit the number of variables involved in the search space, leading to faster synthesis of good designs. For example, each leg of the meandering resonators consists of up to seven beam segments, each beam segment has three variables associated with it: length, width and angle. Forcing symmetry between the four legs reduces the optimization problem with up to 84 variables into, at most, a 21 variable problem (the number of beam segments per leg can also range from a maximum of seven to a minimum of one). Likewise enforcing Manhattan angles would change a third of these variables into four discrete values (0, 90, 180, 270 degrees) rather than an infinite space of continuous values. This could lead to faster convergence or a larger number of good configurations evolved by the n th generation.
In the next section we present the resonator design case study, with five constraint settings and discuss the quality of the results returned by the MOGA.
MEMS RESONATOR SYNTHESIS WITH AND WITHOUT ANGLE AND SYMMETRY CONSTRAINTS
For this case study we adapted our existing MOGA program to synthesize designs with two objectives: (1) minimize error from the target resonant frequency of 10,000 Hz and (2) minimize the device area (as defined by the bounding rectangle). The same beam length and width constraints were applied from Table 1 . Furthermore we constrained the resonance to be in the Y-direction; this was done by highly penalizing any design that had a lower stiffness in the Xdirection than the Y-direction. Resonance in the X-direction would be impossible to excite with the comb drives aligned to the Y-direction, as they can only perturb the center mass in the Y-direction.
Initially the MOGA was run for a population size of 400 for 50 generations. After 50 generations the designs within the Pareto set with a resonant frequency within 5% of the goal frequency were recorded. Each configuration was run 25 times, each with a randomly generated starting population.
Based on the performance results, we chose to perform a second set of MOGA runs, this time for a population of 400 over 500 generations (10x the original setting). This second set of MOGA results allowed us to observe the MOGA searching wider sections of the search space, which we expected would allow it to find a larger number of good solutions. But we were also cognizant when given this much time to search, the MOGA may find and exploit gaps in our geometry constraint functions to find optimum solutions that are not fabricatable. Each constraint configuration was run 10 times for each of the five cases, also with a randomly generated starting population.
We applied five constraint cases to the resonator synthesis problem:
Case 1 Other than the beam-crossing constraint, cases 1, 3 and 4 were performed with no angle constraints, meaning a beam segment could run in any direction. Case 3 is the same as Case 4, except only Y-symmetry is enforced, not X-symmetry. The idea with case 3 is to explore the biological analog in symmetry. Case 2 uses the same angle constraint used by Zhou [7] : beam segments can only radiate away or parallel to the center mass. Case 5 has symmetric legs and also enforces Manhattan angles on all beam segments: all beams are orthogonal to the axes. Figure 3 presents examples of each constraint type. These are actual designs output by the synthesis software for each constraint setting (although not optimal solutions.) Note that the design space decreases as we apply successively more restrictive constraints in moving from Case 1 to Case 5. The results of the 50-generation tests can be seen in Tables  2a and 3a . Case 1, with minimal constraints, was unable to produce any designs within the 5% frequency threshold range, but cases 2, 3, 4 and 5 were able to produce 22, 3, 69, and 38 threshold designs, respectively. Case 2, which only limits the beam angles to radiate away from the center mass, is able to produce designs with the desired resonant frequency, but with the worst minimum (Table 2a) and average (Table 3b ) area of all of the cases. This case has more variables to optimize than all of the other cases that produced results, and the MOGA may not have been able to effectively search the design space in only 50 generations. It is also likely that the outward radiating angle constraint eliminates space efficient designs that have beams turning back towards the center mass. An analysis of the threshold designs shows there is a significant difference between the cases with respect to minimizing device area. An analysis of variance (ANOVA) test of the designs support the hypothesis that different constraint cases produce significantly different populations with respect to device area (F = 34.6, p < 0.01) [20] . But as we only looked at a specific range of frequencies (10kHz +/-5%), ANOVA does not show a significant difference in frequencies among the threshold designs (F=0.93, p=0.43), meaning all constraint cases were able to produce designs with similar resonant frequencies.
Case 4 performed slightly better than all of the other cases in minimizing device area, but the average over all of the threshold designs was higher than cases 2 and 3, suggesting that its slightly better performance here was "an outlier" to a pattern. Another interesting observation is that Case 4 -with full symmetry but no angle constraints -produced the largest number of threshold designs, approximately 80% more than case 5, over 3 times as many as case 2 and an order of magnitude more than case 3. Cases 1 and 2 had the largest number of degrees of freedom, yet produced inferior or unacceptable designs in 50 generations; the probability of geometrical violations (beams crossing each other, etc) is much higher in these cases, in effect causing a large portion of the population to be wasted on invalid or designs that are impossible to fabricate. The fact that cases 2 and 3 produced the least number of threshold designs indicates that the lack of full symmetry, or at least the larger design space no or limited symmetry allows, plays a major role in the MOGA's ability to optimize over the resulting design space within 50 generations. We note that case 3 -with only Y-symmetry -outperformed case 2 in minimizing area and distance from the target frequency. Figure 4 shows the best design from each case for their set of threshold designs. Note that while the best designs from cases 3, and 5 were nearly identical in the objective space, their configurations are not similar in the design space. Looking at the 500-generation tests in Tables 2b and 3b helps further clarify the effects of the constraints on performance. In general, we can see that equal or better performance was reached compared to the 50-generation tests ( fig. 5) . Furthermore, because of the increased number of generations, the Pareto sets returned by the MOGA are populated with more and better threshold designs. In case 1, by searching the design space further, the 500-generation MOGA was able to successfully generate better designs. However of the 10 runs performed, only three were able to generate successful valid designs within the specified frequency range. At least 250 generations were required to generate one design in this range. This illustrates that given enough computation our MOGA was successfully able to find acceptable solutions, albeit less optimum ones, even in this much larger, unconstrained design space. Case 2 for 500-generations returns interesting results, as mentioned previously, the outward radiating angle constraint limits the area minimization, but as the design space has been limited, the number of threshold designs generated is much greater than case 1. The number of threshold designs generated is also affected by our constraint implementation, which will be discussed further below. The case 3 results standout, as the best design evolved within 500 generations was slightly larger than the best design evolved in the 50-generation test. The limited sample size could explain this variation. But the number of successful designs generated per run and their average performance does increase as expected with more generations. Cases 4 and 5 for 500 generations produced designs with smaller areas and better average performance than the 50-generation case, as one would expect. But the interesting feature to note is the much lower number of threshold designs generated compared to case 2 (Table 3b) , which is different than the 50-generation case (Table 3a) . The is caused by the large number of the designs generated by the MOGA that performing quite well in the objective space, but were nonfabricatable. In most cases this was due to the MOGA generating two types of flawed designs -designs that contained parallel overlap between legs and designs where the legs wrapped around the comb drives through the top or bottom bonding pads.
Both of these flaws demonstrate limitations of our nodebased simulation environment. Two parallel or collinear beams will not violate our beam intersection constraint, which calculates the cross product of their centerlines to detect beam crossing. Even if the parallel centerlines are non-collinear, the beams may overlap, as they have finite width. Furthermore as SUGAR defines an anchor (used in this case as a bonding pad for our comb drives) as a single node, our beam crossing detection implementation has no ability to detect beams crossing the bonding pads. An example of a threshold design generated using constraint case 4 is shown in figure 6 . In the case of the 50-generation MOGA tests, these two flaws rarely occurred and made up only a small number of the Pareto set designs, however given an order of magnitude more evolution, the 500-generation MOGA often discovered designs that took advantage of these two situations to produce designs that better satisfied the design constraints, filling up the Pareto frontier with designs that our beam overlap constraint function did not penalize.
HUMAN INTERACTION IN SYNTHESIS PROCESS
As indicated in the previous section, one of the limitations of our automated MEMS synthesis approach is that it depends on simulation software to evaluate design quality. While the problems mentioned could be corrected by using more robust fabrication constraints, there are many other design features that cannot be modeled and analyzed by current MEMS simulation software. These features, such as beam stress concentrations, potential electrostatic pull-in locations, beam collision points, etc can lead to either poor performance or premature device failure. Many of these potential problems are clearly visible to a human expert but they would be difficult to mathematically model and simulate in nodal-based software and incorporate into a flexible MEMS synthesis program. lower bonding pad has been removed from this rendering to illustrate that the legs not only cross over into the bonding pad regions, but also are collinear, both of which make this design non-fabricatable. SUGAR gives this design a resonant frequency of 9,999.55 Hz and an area of 1.692e-007m 2 .
To address these concerns, we developed an extension to our evolutionary design approach that utilizes IEC as a means to supplement design evolution by MOGA or other automated evolutionary optimization tools. This allows the human to embed their engineering knowledge and design experience to score the fitness of designs based not only on their simulated performance, but also on the shape of the design.
Human user tests of IEC for MEMS synthesis were performed for resonator design problem with a four objective with symmetric leg constraints applied. In this test IEC was applied to a user-selected portion of a population of designs generated by MOGA; this allowed humans to 'further hone' designs developed by automated synthesis. The objectives were: resonant frequency, X-stiffness, Y-stiffness and area minimization. The user fitness score is used in a single objective GA to evolve designs the user will be most satisfied with. (fig. 7) . Using the Wilcoxon sign test, the results of our experiment show that IEC users are able to produce significantly more highly satisfactory designs as compared to the results produced from the non-interactive MOGA [11] .
First and foremost, these results show that there is a significant difference between the evaluation scale of a human user and that generated by the MOGA through Pareto ranking. This means that human experts are flexing their domain knowledge in additional areas that may be hard to describe as objectives for MOGA, and therefore, human interaction is useful for improving automated MEMS design.
Secondly, during the course of human user tests, we also made some interesting observations of the impact of human interaction on the synthesis process. It was our observation that humans tended to give low scores to designs that had particular features the user deemed undesirable. For example certain users had a high dislike of sharp corners, which could be a source of stress concentration, leading to premature failure.
They would highly penalize design shapes containing those corners. This causes families of related designs having those features to die off, thus blocking a road of evolution that the user believes is not worth pursuing. The end results show an implicit constraints or penalties concerning the undesirable features.
ThirdlyOn a much smaller scale we also note that users gave higher scores to designs with 'interesting' shapes despite the fact that those designs had poorer performance. This led to those designs propagating into the next generation, being mutated or used for crossover, producing many variants of the 'interesting' shapes, eventually yielding designs with the 'interesting' features but also better performance according to the simulator. This phenomenon could be described as 'positive punctuated evolution'; a new shape can quickly flourish and dominate the population if it contains a key feature that the user finds 'advantageous'. This phenomenon has the potential to accelerate the GA's search for good designs and helps embed expert knowledge into designs returned by IEC.
Although these observations are not comprehensive enough to make definitive conclusions, it appears that humans are well suited to identifying what they believe to be 'problem designs' and 'killing off' these designs. In most cases the user made this judgment quickly based on the shape, before even looking at the performance numbers returned by the simulator.
One could describe this human interaction as applying another type of constraint to the evolution process. A human can eliminate designs outside their range of acceptability just as the automated GA presented in the previous section eliminates designs with beams that cross or a resonant frequency in the wrong direction. 
CONCLUSION AND FUTURE RESEARCH
We used the design of a MEMS resonator as a case study to explore the role that geometric constraints and human interaction play in a computer-aided MEMS design system based on GAs. The results indicate that "clean sheet" design without heuristic constraints may tax the evolutionary algorithm to the point that satisfactory designs achieved only after extensive computationally expensive synthesis (as in case 1) or are suboptimal (as in case 2) in comparison to test cases where some degree of symmetry or stricter geometric constraints are applied. When humans are allowed to put their "implied" constraints into the system, through interactive evolutionary computation or IEC, we find that the process effectively kills off undesirable design features without the use of "explicit" constraints. Future research will explore effective means of combining explicit heuristic constraints with IEC using strategies that periodically use the human designer at selected points in the automated synthesis process. This would allow the human to periodically exclude the designs they feel are unsuitable early in the process, pushing the evolutionary process towards more promising regions of the design space. We hypothesize that this hybrid approach will be less taxing on the human designer in that the number of human interactions will be minimized and that the degree of geometric constraints might be lessened with the goal of producing more threshold designs with improved design features.
With the goal of developing rapid prototyping tools for creating general evolutionary designs, we are also developing a universal genetic encoding structure so that our MOGA can be applied to any synthesis problem involving surface micro machined suspensions or actuators. This structure will be able to utilize a shape grammar to create and modify designs and draw the initial population and 'building blocks' (clusters of MEMS elements) from a library of parameterized MEMS components that we are currently developing.
